Power loss, consisting of technical loss (TL) and non-technical loss (NTL), reflects the effective utilization rate of energy and the management level of power grids. This paper proposes a data-driven combined algorithm to systematically identify anomalies of power loss in the distribution network, including the abnormal type, time, and position. The detection process contains three stages: abnormal feeder detection, abnormal time detection, and abnormal position detection. The suspected abnormal feeders are first detected from all feeders in the distribution network by the data-driven algorithm based on the daily power supply and electricity sales data. Then, the control chart is employed to further monitor the fluctuation of the power loss of each suspected abnormal feeder and discover its abnormal time. Based on the detected abnormal time, its abnormal position is finally located through the risk assessment technology. Numerous experiments based on the real data show that the proposed data-driven combined algorithm can effectively detect and analyze abnormal power loss in the distribution network.
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Power loss rate. P sup , P sales Quantity of power supply and electricity sales.
Daily power loss rate of the i-th feeder in the t-th day. The absolute value of the difference between the L p and L a .
I. INTRODUCTION
Power loss is an essential comprehensive technical and economic indicator for electric power companies. It consists of TL and NTL, reflecting the level of planning, design, production technology, and operation management of the power system. The TL is closely related to the grid equipment, topology, and operation mode. The NTL is caused by errors in metering equipment and poor management, such as electricity stealing and malfunctioning infrastructure [1] , [2] . Thus, abnormal power loss detection in the distribution network is the necessity to improve the management level and ensure the economic benefit of electric power companies. The current research works [1] , [3] - [11] , [13] - [17] on abnormal power loss detection in the distribution network are mainly focused on the NTL caused by electricity stealing behavior of low-voltage users. Relevant models have been established from three aspects: state-based, game theorybased, and data-driven-based [3] - [5] . The state-based methods [6] , [7] identify the NTL according to the contradiction between the state estimation of the distribution network and the measurement data of power consumers, which are usually reliant on the detailed grid topology and measurement data of the distribution network. The game theory-based methods [8] , [9] analyze the corresponding game equilibrium based on the behavioral interaction between abnormal power customers and electric power companies, which has only undergone theoretical derivation and simulation and has not yet been empirically tested.
With the development of smart grids, massive daily operation data are continuously generated, which provides a basis for data-driven detection on abnormal power loss. The data-driven-based methods achieve anomaly detection for power loss by analyzing the characteristics of the power consumers' load curves and the energy consumption distribution, which can be divided into three categories: regressionbased, classification-based, and clustering-based [10] . These data-driven methods assume that the behavior patterns of abnormal consumption consumers will deviate from normal patterns, although the principles of these methods are different.
In [11] , based on the electricity usage, and voltage data from smart meters, a physically inspired data-driven model was developed using a modified linear regression model to detect electricity theft by capturing the linear relationship between the power consumption and voltage magnitude of customers on the same secondary. In [12] , a method combined auto-regression and artificial neural networks, based on the data related to local weather, building usage and gas consumption, were presented for detecting wasting energy caused by anomalies in gas consumption. In [13] , based on the historical customer consumption data, the support vector machine (SVM) extracted the load profile from the historical customer consumption data and detected the abnormal NTL according to the irregular consumption patterns of power customers. In [14] , the optimum-path forest clustering algorithm was employed for unsupervised NTL recognition and anomaly detection problems. In [15] , a multi-layer perceptron neural network was utilized as a classifier, which improved the performance on the NTL detection compared with the original error back-propagation algorithm. In [16] , based on advanced metering infrastructure, a fraud detection system applying clustering algorithms, such as fuzzy clustering and K-means, was proposed to conduct abnormal power consumption detection by comparing the registered consumption reports before and after the discrepancy detection.
Three categories of the data-driven methods have their own characters for abnormal power loss detection. The regressionbased methods need to establish the regression model for each consumer, which requires lots of data and computational resources. Although the classification-based methods have a high accuracy of anomaly detection, the classification-based methods require labeled abnormal power loss dataset, which is difficult to obtain [5] . On the contrary, the clustering-based methods dispense with the labeled dataset, but they have a strong dependence on parameter settings [10] .
Most of the existing researches [4] , [12] , [13] , [15] - [17] pay close attention to anomaly detection of low-voltage power consumption. Although the detection accuracy of these above methods, such as state-based and classification-based methods, is high, the high requirements for data are necessary. Besides, the abnormal TL and NTL are mixed in the real data, which cannot be directly distinguished, and the abnormal TL detection is ignored in most current research work. Furthermore, the anomaly detection for time and position of the suspected feeders is in the lack, which is also important information for the maintenance staff. As one of the statistical analysis methods to detect the abnormality, the theory of the control chart is mature, which can provide a statistically valid answer for anomaly detection [18] . The control chart generated from the historical data can analyze and judge the steady state of the operation process, which is suitable to identify the abnormal time of the suspected feeder. At present, the control chart is widely applied in production process control and product quality testing, while research in the abnormal power loss is relatively rare. In [1] , a multivariate control chart was employed to detect abnormal NTL, establishing a reliable region for monitoring the measured variance. In this paper, abnormal position detection is based on the risk assessment technology of the distribution network. Risk assessment is an economic concept at the earliest. With the development of risk theory in power systems and the practice in engineering applications, risk assessment has been gradually applied to various areas of the power industry, mainly including operational risk monitoring, equipment management, etc. [19] . In recent years, risk assessment technology has been employed in distributed power systems and active power distribution networks. In [20] , based on the uncertainty theory, the risk assessment technology was utilized to sort and screen the fault risks in the distribution network to determine the risk with the highest level. In [21] , a hierarchical risk assessment method was introduced to properly consider the impacts of active distribution network on risk analysis of the transmission system. However, at present, the idea of risk assessment is rarely used to locate the abnormal position of the feeders with abnormal power loss.
In order to solve the above problems, a novel datadriven combined algorithm for abnormal power loss detection is proposed in this paper, which is attributed to three stages: abnormal feeder detection, abnormal time detection, and abnormal position detection. Based on the daily power supply and electricity sales data, the suspected abnormal feeders existing abnormal TL and NTL are first detected by data-driven algorithms. To further identify the abnormal time, the control chart is utilized to analyze the daily power loss rate curve of each suspected abnormal feeder. On the basis of the feeder topology and load data of these suspected abnormal feeders, the abnormal position is detected by risk assessment technology during the detected abnormal time.
The remaining of this paper is as follows: Section II discusses the definition and types of abnormal TL and NTL, Section III describe the proposed data-driven combined algorithm, Section IV presents the performance of the proposed algorithm based on the real data from the Tianjin Electric Power Company, and the conclusion and future work are given in Section V.
II. DEFINITION AND TYPES OF POWER LOSS
The distribution network transmits the electricity to the endusers. In the transmission progress, the power loss is generated due to several reasons, such as impedance existed in the power equipment and management factor. The power loss rate, r, is determined by the power supply and electricity sales, and formulated as (1):
where P sup denotes the quantity of power supply, and P sales represents the quantity of electricity sales [22] . Both too high and too low power loss rate are considered as abnormal power loss. The abnormal power loss can be attributed to abnormal TL and abnormal NTL. In the actual distribution network, some feeders both have abnormal TL and NTL. To cut down the power loss and improve the power transmission efficiency, it is necessary and important to identify the type of the abnormal power loss.
A. TL
The TL is the power loss caused by the normal power transmission and conversion, which can be calculated according to the parameters of power equipment, the current operation mode of the power system, the distribution of the power flow, and the load data. In the actual operation of the power grid, the too-high TL of the feeder is considered abnormal, which may be caused by the equipment with high power loss rate, small power supply wire radius, insufficient reactive power compensation, and so on.
B. NTL
The rest part of the total power loss, except TL, is called NTL, which is usually caused by the low management level. The electricity theft, defective meters, and a malfunctioning infrastructure are the major causes of abnormal NTL in the distribution network, especially electricity theft. The patterns of electricity theft behavior are elusive, such as modifying the electricity ammeters by tempering the internal data, connecting the public wire bypassing the electricity ammeters.
III. THE PROPOSED DATA-DRIVEN COMBINED ALGORITHM
In this section, the structure and process of the proposed datadriven combined algorithm are presented, and the details of each part are described later.
A. THE STRUCTURE OF THE PROPOSED ALGORITHM
This paper proposes a data-driven combined algorithm to systematically detect abnormal power loss in the distribution network, composed of abnormal feeder detection, abnormal time detection, and abnormal position detection. The structure of the proposed algorithm is presented in Fig. 1 .
In the stage of abnormal feeder detection, the abnormal feeder and corresponding abnormal type are identified based on the daily data of each feeder, P sup , and P sales . Considering that there are no labeled samples at the initial power loss detection, the clustering-based detection model is employed.
With the continuous accumulation of the labeled samples, the classification-based detection model is utilized to improve the stability of abnormal feeder detection. The abnormal time detection is further performed for the suspected abnormal feeder. The upper control limit (UCL), center line (CL), and lower control limit (LCL) of the control chart is determined by the historical normal data. If the point of daily power loss rate, r d , falls outside the control limits, the corresponding time is regarded as abnormal. Based on the detected abnormal time, the risk assessment technology is employed to pinpoint the specific abnormal position by calculating the risk indexes.
B. ABNORMAL FEEDER DETECTION
Generally speaking, the power loss features of abnormal feeders are different from those of normal ones. For feeders with VOLUME 8, 2020 abnormal TL, their daily power loss rate usually keeps a relatively high and stable value. For feeders with abnormal NTL, their fluctuation of daily power loss rate is more variable, and opening records of electricity ammeters may be larger due to the electricity theft by the ammeter. The feature extraction directly impacts the performance of the anomaly detection for feeders. In this paper, three features related to the daily power loss rate and electricity ammeters are extracted as follows.
1) Average daily power loss rate: denote the daily power loss rate of the i-th feeder in the t-th day as r i,t d . N f represents the number of the detected feeders, and N d denotes the number of detected days. The average daily power loss rate of the i-th feeder is formulated as (2) .
2) Coefficient of variation of daily power loss rate: it reflects the fluctuation of daily power loss rate. CV i denotes the coefficient of variation of r i d in (3), and σ i represents the standard deviation of the daily power loss rate of the i-th feeder in (4) . The large the value of the coefficient of variation, the great fluctuation of the daily power loss rate.
3) Total opening records of electricity ammeters: generally speaking, the electricity ammeters are only opened in the periodic maintenance. The electricity theft by the ammeters adds the number of opening the electricity ammeter. Thus, with the increase of opening records of electricity ammeters, the possibility of the illegal use of electricity rises. The total opening records of electricity ammeters of the ith feeder,N i OR , is shown as (5) . The N i,t OR denotes the opening records of electricity ammeters of the i-th feeder on the t-th day.
The process of abnormal feeder detection based on the data-driven model is presented in Fig. 2 . The data-driven model includes the clustering-based model and classificationbased model. In the early detection stage, the normal and abnormal labels of the dataset are absence and unknown. In this situation, the clustering-based detection model is applied to conduct the abnormal feeder detection, and the detection process is marked by the black line in Fig. 2 . After detecting the abnormal feeders, the grid staff is required to inspect and confirm on site. In this way, the unlabeled training set can be labeled as normal, abnormal TL, and abnormal NTL. When the labeled training set is large enough, the classification-based detection model is instead of the clustering-based one. The detection process of the classification based model is marked by the red line in Fig. 2 . Compared with the clustering-based model, the classification-based model is more stable, and its detection result is less impacted by the training dataset. The more important point is that the classification-based model can detect the abnormal type, while the clustering-based model only detects the abnormal feeders. 
C. ABNORMAL TIME DETECTION
In this stage, the control chart is employed to monitor the fluctuation of r d of the suspected abnormal feeders and discover their abnormal time. The control chart is a scientifically designed diagram with control limits to analyze and judge whether the process is in a stable state and to distinguish normal and abnormal fluctuations. In Fig. 1 , the UCL and LCL are usually set at the position of ±3 standard deviation, and CL is the average of the controlled statistics. If the point falls outside the UCL and LCL, its corresponding state is usually regarded as abnormal [23] .
In this paper, the X bar control chart is utilized due to its high sensitivity. It detects the abnormal based on the average values of data. The accidental fluctuation of r d is a slight deviation through the average effect of the mean, while the abnormal fluctuation of r d usually deviates in the same direction to cause great deviation. Thus, the X bar control chart is suitable for abnormal time detection.
A pseudo-code of determining the control limits of the X bar control chart is provided in Algorithm 1. Since the load level different with the month greatly impacts the power loss rate, the whole data are divided into different N subgroups based on the date information which contains M days, denoted as D n×m , m = 1, 2, . . . , M , and n = 1, 2, . . . , N .
Firstly, the range and average of each subgroup are calculated as Sub_Range[n] and Sub_Mean[n] (Line 1 to Line 4). The functions max(), min(), and mean() are respectively to obtain the maximum value, minimum value and mean value of the dataset. Secondly, the mean range and average of all subgroups are computed as σ X and µ X (Line 5 to Line 6). Finally, the control limits of the X bar control chart, UCL, LCL, and CL are obtained (Line 7 to Line 10), where C M is a constant value related to M and can be inquired in the control chart coefficient table [24] .
Algorithm 1 X bar Control Chart
Input: Given Dataset D={D n×m , m = 1, 2, . . . , M, n = 1, 2, . . . , N} Output: UCL, CL, LCL 1: for n ← 1 to N do 2:
Sub_Range[n] ← max (D n×m ) -min (D n×m ); 3:
Sub_Mean[n] ← mean (D n×m ); 4: end for 5:
LCL ← µ X -C M · σ X ; 10:
return UCL, CL, LCL.
D. ABNORMAL POSITION DETECTION
In order to locate the specific abnormal position of the suspected feeders during the detected abnormal time, the abnormity severity risk level of each transformer of the suspected feeders is assessed.
In the current risk assessment of the distribution network, the preset accidents are regarded as the starting point, and the risk index is established to assess their occurrence probability and the consequential loss. To quantify the severity of the consequential loss caused by these accidents and embody them in risk index, a severity function is built based on the utility theory to reflect the satisfaction of terminal users or grid operators. The abnormal power loss in the distribution network is mainly caused by the abnormal power consumption behavior and instant faults of the power equipment and so on, which will be reflected in the voltage, TL, and electricity sales.
This paper compares the deviation between the actual value in the actual operation and the reference value of the load, voltage, and TL under the given normal situation. Thus, three risk indexes are constructed, the load offset, δ L , the TL rate offset of each transformer branch in the feeder, δ TL , and the voltage offset, δ V . Since the load greatly impacts the value of the power loss, the accuracy of the risk assessment results cannot be guaranteed if the reference value is determined only by the experience of the grid staff. Thus, the future trend of power flow is considered as the reference value under normal circumstances and calculated based on the predicted load.
In one suspected feeder, suppose N T transformers exist. Denote the actual and predicted value of the load of the j-th transformer branch as L 
In order to measure the risk severity of the risk indexes δ w , the severity utility function is utilized as S(δ w ). Both first derivative S (δ w ) and second derivative S (δ w ) exist and satisfy S (δ w ) > 0 and S (δ w ) > 0. S (δ w ) stands for that the degree of abnormity severity goes up with the increase of δ w . The term S (δ w ) >0 indicates that the increasing degree of abnormity severity becomes more and more fast with the rise of the δ w . The severity utility function of δ w is shown in (8) , where a, b, c, d are positive parameters [25] . In this paper, a, c, and d are set to 1, b equals 0. The simplified severity utility function is presented in (9) . In order to eliminate the influence of different dimensions of the risk indexes, normalization of the severity utility function is required and denoted as S(δ w ) n . The value of S(δ w ) n close to 1 means the high level of the risk severity.
To comprehensively analyze the three risk indexes and classify the risk severity level, the risk level is categorized into Serious, Caution, and Regular. For each risk index δ w , the S(δ w ) n is divided into three intervals, [0, T regular,w ), [T regular,w , T caution,w ), [T caution,w , 1]. The final risk level is determined by the number of S(δ w ) n ,w = {TL, V , L}, located in the different interval, N regular , N caution , and N serious , shown as (10)- (12) .
IV. CASE STUDY
In the case study part, the real data used in the experiments is first to describe. The detection performance of abnormal feeder detection, abnormal time detection, and abnormal position detection are displayed in the rest parts. The simulations were conducted with MATLAB and Python in a PC laptop with a 2.50-GHz Intel Core i5 processor and 8 GB of memory.
A. DATA DESCRIPTION
The utilized dataset in this paper was collected from the Tianjin Electric Power Company in China. The 10kV distribution network is regarded as the detection objective. The 460 feeders are selected from the 10kV distribution network to be detected. Since the data privacy of the private transformers, their data fail to be collected and not be considered in this paper. The data, covering from February 1st, 2017 to April 30th, 2019, include the topology parameters, the parameters of power equipment, load, electricity sales, opening records of the electricity ammeter.
Given the records of the Tianjin Electric Power Company, the selected feeders operate stably and safely without abnormal NTL in this period. The 39 feeders out of the selected ones are marked as abnormal TL samples by the grid operation staff. To validate the performance of detecting the abnormal NTL, the 75 feeders are randomly chosen as abnormal NTL samples, and each feeder randomly modifies the daily load of 1∼4 randomly selected transformers. To simulate the abnormal NTL, six abnormal patterns are chosen [4] . Table 1 presents the modification principle of each abnormal pattern.L t represents the modified daily load data. In pattern 2, pattern 3, and pattern 4, the coefficient parameters α and β t , t = 1, 2, . . . , 24, are randomly generated in [0.88, 0.98], and the min_ t is set as 4 in this paper. An example of the abnormal patterns applied to a transform is shown in Fig. 3 .
B. DETECTION RESULT OF ABNORMAL FEEDERS
To evaluate the data-driven detection model, the samples, including the normal and abnormal ones, are labeled (−1: abnormal TL, 0: normal, +1: abnormal NTL). All the samples are randomly assigned to the training set and test set, shown in Table 2 .
The evaluation criterion utilized in this paper is denoted the detection rate, DR, and the false alarm rate, FAR, as (13)- (14) .
where N TA , N FA , N TN , and N FN represent the number of abnormal samples detected as abnormal, abnormal samples detected as normal, normal samples detected as normal, and normal samples detected as abnormal, respectively. Clustering algorithms are mainly divided into the centroidbased, spectral-based, density-based, and distribution-based. In this paper, the clustering algorithms, K-means [26] , spectral clustering [27] , and GMM [28] , and classification algorithm, SVM [29] , are utilized to detect abnormal feeders. The result of the extracted features after normalization is shown in Table 3 .
The optimal parameter setting of the clustering algorithms is determined by the silhouette coefficient, S c . The S c is closer to 1, the better the clustering result is. The selection result of parameter settings for different algorithms is shown as Fig. 4 . It is evident that K-means obtains the best clustering results when the number of clusters, k, equals 3. In spectral clustering, the number of clusters, n cluster , and kernel coefficient, γ are set to 1 and 3, respectively, to achieve the max value of the S c . In GMM, the optimal number of components, n comp , equals 3. In SVM, radial basis function (RBF) is selected as the kernel. The grid search [29] is applied to search the optimal kernel parameter, γ , and the penalty for the error term, C p , which are set to 1 and 1, respectively.
Based on the above parameter settings, the detection results of abnormal feeders using different data-driven models are presented in Table 4 . Since the distribution network operates stably and safely, it is reasonable to assume that most of the selected feeders are normal. Thus, in the detection result of the clustering-based model, the clusters with small and large samples are separately regarded as abnormal and normal. Taking the K-means algorithm as an example, Cluster C 1 is regarded as normal, and Cluster C 2 and Cluster C 3 are regarded as abnormal. Compared with the clustering models, the classification models can directly identify the normal, abnormal TL and abnormal NTL samples by taking advantage of the labeled samples. To compare algorithms' performances, the detected abnormal clusters of clustering-based algorithms is further marked. It is assumed that the label of each cluster is determined by the label with the maximum number in this cluster. The detailed result is shown as Table 4 .
As observed in Table 4 , GMM performs the best among all the selected clustering algorithms, and the performance of the classification model is better than the clustering ones. Besides, the classifier of the classification algorithm can be trained offline, which makes anomaly detection of feeders more efficient. However, it is clear that some feeders are still detected incorrectly. There are existed some reasons: a) thē r i d of some actual abnormal TL feeders is at a medium level, which is close to the actual normal feeders; b) the abnormal NTL caused by minor abnormal electricity behavior of power consumers is not apparent, as a result of which extracted features are close to the normal samples; c) the characters of some actual abnormal NTL feeders are similar as the abnormal TL samples and detected as abnormal TL.
C. DETECTION RESULT OF ABNORMAL TIME
The X bar control chart of each suspected feeder is established to analyze the fluctuation of r d and detect the specific abnormal time. In this paper, the data in 2017 and 2018 are utilized to obtain the UCL, CL, and LCL of the control chart, and data from March 1st, 2019 to March 31st, 2019, are tested. To display the performance of abnormal time detection, one of the abnormal NTL samples is taken as an example. The power grid topology of this selected feeder is depicted in Fig. 5 , containing 11 public transformers and 15 private transformers.
According to the generation records of abnormal NTL samples, the detailed anomalies of this feeder are listed in Table 5 . There are two anomalies separately happened in two different times on different transformers with different abnormal patterns. Fig. 6 shows the X bar control chart established based on the historical r d in 2017 and 2018. All data fall within VOLUME 8, 2020 the control limits, which suggests that the X bar control chart achieves a steady state. The UCL, CL, and LCL of the X bar control chart in this paper are calculated as 0.7207, 0.5897, and 0.4767, respectively. Based on the control limits of Fig. 6 , anomaly detection for time can be conducted, as shown in Fig. 7 . It is evident that there are 14 points marked as red locating outside the UCL, which is corresponding to the detailed anomalies listed in Table 5 . The DR and FAR of abnormal time detection is 100% and 0%, respectively.
D. DETECTION RESULT OF ABNORMAL POSITION
To detect the abnormal position in Anomaly 1 and Anomaly 2, respectively, the risk assessment is employed to analyze the risk state of each transformer branch during the abnormal time. In the real application, the electric power company staff can conduct anomaly detection for the position by the hour, which enables them to further determine the specific abnormal time and location.
In this paper, T regular,w , T caution,w are set as 0.5 and 0.8, respectively. If N serious > 0, the risk level of the transformer branch is marked as Serious. If N serious = 0 and N caution ≥ 2, the risk level of the transformer branch is marked as Caution. Otherwise, the risk level is marked as regular.
Due to the L p directly impacting the risk assessment results of abnormal position detection, it is of great importance to ensure the load prediction accuracy, which is evaluated by mean absolute percentage error (MAPE): The difference between the original value of the actual load and L p is divided by the original value of the actual load; The absolute value in this calculation is summed for every predicted point in time and divided by the number of fitted points. The onestep-ahead predicted load data are obtained every 15 minutes. The MAPE of the public transformers in the selected feeder is shown in Table 6 .
To present the risk assessment results in this paper, the representative day and hour are selected according to Fig. 7 and Fig. 8 , respectively. In Fig. 7 , the two abnormal days, March 8th and March 24th, are chosen because their r d are smallest during each abnormal time of two anomalies. Fig. 8 presents the absolute value of the difference between the L p and L a of each hour of March 8th and March 24th, expressed as λ L1 and λ L2 . It is obvious that the λ L1 achieves the highest value at the 1st hour on March 8th, and λ L2 achieves the highest value at the 19th hour on March 24th, which indicates that the abnormal NTL is considered as the severest at this time. The abnormal position is further detected of the 1st hour on March 8th and the 19th hour on March 24th, which is denoted as Anomaly Case 1 and 2, respectively.
1) ANOMALY CASE 1
In Anomaly Case 1, the abnormal position detection of the selected feeder in Fig. 5 is conducted at the 1st hour on March 8th. At this time, the S(δ TL ) n , S(δ V ) n , and S(δ L ) n of each transformer are displayed in Fig. 9 (a)-(c) and their ranges are presented in Table 7 . The risk level of each transformer in Anomaly Case 1 can be obtained according to the proposed rules, depicted in Fig. 9 (d) and Table 7 . As observed in Fig. 9(d) , it is obvious that the risk level of T2 is detected as Serious,which is in accordance with the known abnormal position in Anomaly Case 1.
2) ANOMALY CASE 2
In Anomaly Case 2, the abnormal position detection is conducted at the 19th hour on March 24th. At this time, the S(δ TL ) n , S(δ V ) n , and S(δ L ) n of each transformer are displayed in Fig. 10 (a)-(c) and their ranges are shown in Table 8 .
The risk level of each transformer in Anomaly Case 2 can be obtained according to the proposed rules shown in Table 2 . As presented in Fig. 10(d) , it is evident that the risk level of T4, T6 and T9 are separately detected as Serious, Caution, and Serious, respectively, which corresponds to the known abnormal position in Anomaly Case 2. From Table 9 we can see that the higher the δ L of the transformer, the higher its risk level.
V. CONCLUSION
In this paper, a data-driven combined algorithm was proposed for abnormal power loss detection in the distribution network. The proposed algorithm comprised of three stages: abnormal feeder detection, abnormal time detection, and abnormal position detection.
Experiments were conducted using the dataset from the Tianjin Electric Power Company in China. In abnormal feeder detection, the classification algorithm SVM outperformed the three selected clustering algorithms from the comprehensive perspective of the DR and FAR. In abnormal time detection, the control chart correctly detected the abnormal date by analyzing the fluctuation of the r d . In abnormal position detection, the risk assessment technology was utilized to locate the specific abnormal T P and to determine the risk level by the proposed rules. The detection results were corresponding with the predefined abnormal scenarios, which suggested that the proposed combined data-driven algorithm could effectively detect abnormal power loss in the distribution network. In further work, more valuable features are needed to extract to improve the detection accuracy of the abnormal feeder type.
